The call for applied researchers to learn how to use mixed effects models in the paper by Naumova, Must and Laird 1 in this issue of the International Journal of Epidemiology is to be welcomed. The value of longitudinal studies, in which measurements on the same sample of individuals are taken repeatedly over time, is well understood. Such studies are costly, both financially and in terms of the time and effort required on behalf of study members and researchers. Correct analysis of the often vast amount of data collected is therefore vital. Despite considerable discussion regarding the analysis of repeated measures in the statistics literature, the use of more complex models in medical and epidemiological journals remains scarce. As well as researchers being encouraged to use more complex models, journal editors should also welcome their use where appropriate. Model RE proc mixed data = growth; class id; model y = time.before time after / s; random intercept time.before time.after / type = un subject = id; run;
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Model A proc mixed data = growth; class id; model y = time.before time.after time.after*time.after / s; random intercept time.before time.after time.after*time.after / type = un subject = id; run;
Model B proc mixed data = growth; class id parental.obesity; model y = time.before time.after parental.obesity / s; random intercept time.before time.after / type = un subject = id; = run; Model C proc mixed data = growth; class id parental.obesity; model y = time.before time.after parental.obesity time.after*parental.obesity / s; random intercept time.before time.after time.after / type = un subject = id; run;
Mixed effects models can be used to analyse straightforward repeated outcome measure data over time, many examples of which exist in epidemiology. However, the specific mixed effects model presented by Naumova et al. 1 is more interesting. The idea of using a time scale other than age or calendar time is introduced, as is the use of a piecewise model. The piecewise model allows separate slopes to be fitted to the observations representing the periods before and after a 'critical period' or 'event'. The extension of the basic model to determine the individual characteristics that relate to differences in the increase in fat after menarche is particularly valuable to the understanding of obesity development. Understanding how early life and childhood growth influence not only obesity, but also later disease development has been highlighted by the recent interest in life course epidemiology. 2 For example, early age at menarche 3 and tall adult height 4 have been consistently related to increased breast cancer risk, but the mechanism underlying the associations may be due to childhood growth. Women who were both big babies and tall at 7 years have been found to have a greater risk of premenopausal breast cancer than others. 5 Hence, understanding how growth patterns, in relation to menarche, are influenced by factors such as childhood diet and socioeconomic status is important in breast cancer aetiology. Menopause is another obvious event to which the proposed models could be applied. Insight into the debates regarding the influence of menopause on cardiovascular risk factors 6 and on psychological health 7 could be gained. The 'event' could even be social such as loss of job or divorce, both of which may influence health.
The additional information obtained from mixed effects models regarding between-individual variability can be of interest in its own right. 8 Assuming that the individual post menarcheal slopes are normally distributed, approximately 95% of girls' slopes will lie within ±1.96 standard deviations of the overall average slope. For the example presented by Naumova et al. 1 , the limits would be 0.62-4.30% and hence approximately 2.5% of girls have an increase in fat above 4.3% per year. The percentage of girls above or below any given slope can be obtained by reference to the standard normal distribution. It is this idea that is utilized when Naumova et al. 1 observe that there are virtually no girls with a negative slope after menarche but 37% with a negative slope before menarche. Such information could be useful when planning obesity prevention strategy. The correlation between body fat at menarche and post menarche slope of -0.59 suggests that the greater the fat at menarche the slower the increase in fat afterwards.
It may be unclear to the non-statistician why the desired statistical property of efficiency is important. In practice, the confidence intervals of the estimates in an efficient analysis will be narrower than those from a less efficient one and hence use of the more efficient analysis means there is greater power to detect a given effect. Efficiency can therefore also have implications for study design and sample size requirements. Although some improvement in efficiency is achieved simply through the model fitting procedure, additional gains will often be made simply through mixed effects models allowing more individuals to be included in the analysis than standard methods. This is due to their ability to handle missing outcome data and measures collected at different time points for different individuals. This represents a major practical advantage as unbalanced data is unavoidable in longitudinal epidemiological studies. Although, in technical terms, such models can always handle missing data, assumptions about the missing data mechanism must be made in order for the inferences to be valid. Specifically, the outcome data must be missing at random which means that the probability of a measure being missing may depend upon observed, but not unobserved, measures. Although impossible to test, the feasibility of such an assumption should be considered in each analysis as it may be more realistic in some cases than others. In studies of cognitive function in the elderly, a missing cognitive test score may be more likely if function has deteriorated. It should also be noted that the mixed effects models cope far less easily with missing covariate information.
With the increased ease of implementation, further aided by the SAS programs provided in the paper, 1 wider use of such models should be encouraged. It has to be acknowledged, however, that these models are complex and this is perhaps highlighted by the fact that Naumova et al. 1 still require a certain amount mathematical notation in their explanation. Effort is therefore required on behalf of the applied researcher wishing to utilize such models correctly. The use of graphical displays at all stages of the analysis can certainly aid understanding. The figures presented by Naumova et al. 1 highlight the two components of the mixed effects model, the subject-specific growth curves and the population averages, which are key to such models. Finally, as with all statistical techniques, but perhaps particularly with one as flexible as the mixed effects model, caution is required and all analyses should be carried out with due thought to the specific hypothesis under consideration. The added complexity of having to specify correctly the random effects component of the model as well as the fixed effects means that model checking in addition to that usually carried out is required. 9, 10 
